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Tabu search metaheuristicAbstract The Capacitated Vehicle Routing Problem (CVRP) is a well known optimization
problem applied in numerous applications. It consists of delivering items to some geographically
dispersed customers using a set of vehicles operating from a single depot. As the CVRP is known
to be NP-hard, approximate methods perform well when generating promising sub-optimal
solutions in a reasonable computation time. In this paper, we develop a Decision Support System
(DSS) for solving the CVRP that integrates a Geographical Information System (GIS) enriched by
a Tabu search (TS) module. In order to demonstrate the performance of the proposed DSS in terms
of CPU runtime and minimized traveled distance, we apply it on a large-sized real case. The results
are then highlighted in a cartographic format using Google Maps.
 2014 Production and hosting by Elsevier B.V. on behalf of National Authority for Remote Sensing and
Space Sciences.1. Introduction
The Capacitated Vehicle Routing Problem (CVRP), a funda-
mental combinatorial optimization problem in transportation
logistics and distribution systems of considerable economicsigniﬁcance, was ﬁrst introduced by Dantzig and Ramser
(1959), then extensively studied in the literature in various
versions and approached using alternative algorithms.
The problem consists, in its basic version, of designing a set
of minimum cost-routes for a number of identical vehicles
having a ﬁxed capacity to serve a set of customers with known
demands. Several structural constraints can be added to the
basic CVRP giving rise to many variants such as time windows
for the customer to be served, limits on the lengths of the
routes and limits on the time that a driver can work.
Since the CVRP is a NP-hard problem, three solution
approaches are typically employed: heuristics, approximation
and exact methods (Alba and Dorronsoro, 2006; Osman,
1993). Only instances of small size can be solved to optimality
using exact solution methods. While heuristics do not provide
guarantees about the solution quality, they are useful in
practical contexts thanks to their speed and ability to handle
1 The original distance matrix is created once using customers’
geographical coordinates. This is done using Google Maps API that
computes the Euclidean distance between all pairs of vertices
(customers and the depot).
106 S. Faiz et al.giant instances. An approximation algorithm is a special class
of heuristics that provide a solution and an error guarantee.
We show through the present study the powerfulness of
linking GIS with optimization tools to solve routing problems.
Our DSS integrates Google Maps and the TS metaheuristic for
the loading-routing problem modeled as a CVRP. The pro-
posed tool ﬁrstly inputs the basic parameters of the problem
then, extracts spatial information from the geographical data-
base (GDB). The numerical solution obtained by applying a
TS is plotted on a map and commented by providing a detailed
report on the proposed scenario. The parametrization of the
solution approach is discussed in order to output the near-
optimal solution that coincides with the decision maker’s pref-
erences. To check the validity of the proposed DSS, we address
a real case study in the city of Jendouba (Tunisia).
This paper is structured as follows. The CVRP is described
and stated mathematically in Section 2. In Section 3, the main
steps of the proposed DSS are outlined and described. The TS
metaheuristic that generates the numerical solution of the
DSS, enhanced by neighborhood techniques, is detailed in Sec-
tion 4. Experimental results within the region of Jendouba
(Tunisia) are reported in Section 5.
2. Problem formulation
We enumerate in what follows the main symbols used in the
mathematical model (1)–(8):
Parameters
n set of customers and the depot ð0Þ
m number of vehicles
C capacity of each vehicle
Di demand of customer i
dkij distance of a direct travel from customer i to cus-
tomer j by vehicle k
Decision variables
xkij ¼
1 if vehicle k travels from customer i to j
0 elsewhere

K number of used vehicles
The CVRP, stated as a single objective optimization problem,



































6C k¼ 1; . . . ;m; i–j ð5Þ
Xn
j¼0
xk0j 6 1 k¼ 1; . . . ;m ð6ÞXn
i¼0
xki0 6 1 k¼ 1; . . . ;m ð7ÞX
i;j2S
xkij 6 jSj  1 S#f2; . . . ;ng; k¼ 1; . . . ;m ð8Þ
– Objective function: Eq. (1) designates the total traveled
distance to be minimized in accordance with the set of sys-
tem constraints.
– System constraints: Constraints (2) and (3) impose that
each node is visited only once by one vehicle. Constraints
(4) ensure the continuity of vehicles’ pathways. Constraints
(5) enforce the capacity constraint of the vehicles.
Constraints (6) and (7) ensure that each used vehicle starts
and ends at the depot. Constraints (8) discard vehicles’
sub-tours.
3. DSS design
Our DSS is based on a TS that satisﬁes all customer requests
trying to optimally generate vehicles’ paths. The DSS starts
by inputting problem parameters, namely the number of
customers to be served, the number of available vehicles and
the vehicles’ capacity. Once these data were provided,
customer demands are to be set. Customers’ geographical
coordinates are then extracted from the original distance
matrix1 and reported in a sub-matrix. The TS approach pro-
ceeds iteratively by an alternative use of two neighborhoods
in order to diversify the search. All TS parameters were set
after a meta-tunning. Once the numerical solution is generated,
the DSS moves to the design of the cartographical solution
that well illustrates the real itinerary. Customers’ locations
are then marked in the addressed area and vehicles’ pathways
are highlighted.
4. Tabu search (TS) solution approach
The TS metaheuristic ﬁrstly proposed by Glover (1990) was
extensively used to solve hard constrained optimization prob-
lems, especially routing problems. Due to its capability in
escaping local optima by the use a tabu list and the neighbor-
hood generation, it performs well in generating promising
solutions in a reasonable computation time (see Table 1).
4.1. Solution encoding and initialization
The encoding of a solution is designed in such a way to mini-
mize, for each vehicle, the slack between its capacity and the
amount of customers’ requests i.e. rank the commands in the
decreasing order of their weights, then load them into vehicles.
This loading strategy, also called the greedy-based algorithm,
allows narrowing the remaining space when loading objects.







6 Geographical solution (Google Maps)
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Given a current solution, the external exchange and reinsertion
local search techniques are used sequentially to alternatively
generate its neighborhood. Our incentive behind using
different techniques is to diversify the search and increase
the probability of identifying the optimal solution.
 External exchange. This technique swaps two customers
belonging to two different pathways. This yields to a new
solution that necessitates a check of feasibility.
 Reinsertion. This technique randomly swaps two customers
belonging to the same vehicle’s pathway, then studies the
feasibility of the new solution.4.3. Fitness function
Each solution is evaluated according to its ﬁtness that corre-
sponds, for the CVRP, to the objective function value.
Throughout the search process, the solution having the best ﬁt-
ness is recorded while iterating in the TS.
Consequently, the more a solution minimizes the traveled
distance, the best it is close to the optimal solution.
Hence, the ﬁtness function of each currently evaluated
solution x is FitnessðxÞ ¼ fðxÞ ¼Pni¼1Pnj¼1Pmk¼1dijxkij.
4.4. Stopping rule
After a predeﬁned time ‘‘Tmax’’, experimentally set depending
on the problem size, the TS algorithm is over.
Table 2 Empirical results for n 2 [20,75] customers.
Pb. Tmax Improvement (%)
n 20 50 200 K 20 ! 50 50 ! 200 20 ! 200
1 20 892 467 435 3 91.01 7.36 105.06
2 25 1282 586 517 4 118.77 13.35 147.97
3 27 1305 672.5 613 5 94.05 9.71 112.89
4 30 1350 680 623.5 5 98.53 9.06 116.52
5 31 1387.5 706.5 630 5 96.39 12.14 120.24
6 33 1392.5 719 697 5 93.67 3.16 99.78
7 36 1427.5 736 711 6 93.95 3.52 100.77
8 40 1508 781 760 6 93.09 2.76 98.42
9 42 1533 796 766 7 92.59 3.92 100.13
10 45 1571.5 814 770 8 93.06 5.71 104.09
11 48 1602 829.5 789 9 93.13 5.13 103.04
12 52 1644 869 810 10 89.18 7.28 102.96
13 55 1682.5 903 838 10 86.32 7.76 100.78
14 57 1704.5 965 842 12 76.63 14.61 102.43
15 60 1743 944 876 11 84.64 7.76 98.97
16 62 1763 965 883 12 82.69 9.29 99.66
17 66 1803 983 913 13 83.42 7.67 97.48
18 69 1835 1002.5 932 13 83.04 7.56 96.89
19 72 1864 1019 939 14 82.92 8.52 98.51
20 75 1901 1046 959 15 81.74 9.07 98.23
AVG. 90.44 7.77 105.24
Fig. 1 Solution improvement in terms of the running time.
108 S. Faiz et al.5. A real case study: The city of Jendouba
In order to experiment the proposed DSS, we apply it for a
commercial company that serves food products in the region
of Jendouba in the north west of Tunisia. We recorded a set
of 20 customers’ orders within the addressed area, knowing
that the number of available vehicles is m= 20 and the capac-
ity of each vehicle is C= 100. We assume that the number of
customers varies in [20,75] and customers’ demands belong to
the interval [1,30].
Algorithm 1. Tabu search algorithm
Require: cmd  
list of commands;C  capacity;LISTT  NULL;
Matrix list of distances
1: Find the initial solution S0 using a greedy-based algorithm
2: S  S0; nb 0; c  fðs0Þ
3: while Time 6 Tmax do
4: s ¼ exchangeðsÞ and s not in LISTT
if(fðsÞ < c) then
5: s  s
6: f  fðsÞ
7: Update LISTT
8: s ¼ insertionðsÞ and s not in LISTT
if(fðsÞ < c) then
9: s  s
10: f  fðsÞ
11: Update LISTT
12: end whileTable 2 reports the computational results of the test bed.
We noticed the number K of used vehicles and the solutionsin terms of Tmax. We also noted the solution improvement
when varying Tmax. Based on Table 2, we reproduced graphi-
cally the total distance for stopping times Tmax 2 f20; 50; 200g.
We can note from Table 2 that the improvement of the
solution from a 20 running time to 50 amounts to 90.44%,
whereas from 50 to 200 its value is only 7.77%. This can justify
the importance of a right parametrization of the DSS with
regard to the problem size. The above improvements can be
clearly perceived in Fig. 1.
Let’s consider the problem instance 5 that employs 20 vehi-
cles for the delivery of food products from a single depot to 31
dispersed clients in the region of Jendouba. The problem data-
set is detailed in Tables 3 and 4.
The route to be traveled by each vehicle is determined by
the proposed DSS. Table 5 reports the corresponding results
for 20 and 200 running times for which the solution improve-
ment amounts to 120.24%.
Table 3 Customers’ demands.
i Di i Di i Di
1 19 12 21 23 8
2 21 13 16 24 24
3 6 14 3 25 24
4 19 15 22 26 2
5 7 16 18 27 20
6 12 17 19 28 15
7 16 18 1 29 2
8 6 19 24 30 14
9 16 20 8 31 9
10 8 21 12 - -
11 14 22 4 - -
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The integration of TS in the GIS can be extended for numer-
ous variants of the CVRP by including additional structural
constraints as distance constraints related to the vehicles, time
constraints for the delivery of items and also taking into
account the three items’ dimensions. Another perspective of
this research can address the enlargement of the addressed area
and dynamic aspect of the problem by assuming that some
paths can be available or not.
7. Conclusion
The Capacitated Vehicle Routing Problem is a challenging
problem that can be applied to a wide variety of practical
applications. In this paper, we developed a new tool for































110 S. Faiz et al.Operationalized as a DSS, it performs two fundamental
modules to be efﬁcient for an optimal decision making: a
GIS and an optimization tool. In fact, our application
performs Google Maps and TS. Our DSS was tried on a
real application and shows its effectiveness in generating
promising results.References
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